With continuous technological improvement and economic development of energy storage, distributed energy storage (DES) will be widely connected to the distribution network. If fragmented DES systems are aggregated to form a distributed energy storage aggregator (DESA), the DESA will have great potential to participate in the day-ahead energy and reserve market and the balancing market. The DESA could act as a mediator between the market and DES consumers, enabling beneficial coordination for DES owners and power systems. This paper presents a bilevel optimization model for DESAs in the energy and reserve market under wind power uncertainties. In the lower-level problem, generating companies, wind power plants (WPP), and DESAs are optimized for scheduling day-ahead (DA) energy and the reserve market. In the upper-level problem, operational strategies for DES systems and DESAs are designed to deal with wind power uncertainties in the balancing market. The DESA splits its resources between the energy and reserve markets so that it can reduce total power system consumption, and mutual profit for the system and end customers is achieved. This model is formulated as a mixed-integer linear programming (MILP) program, which can be solved with commercial software. The validity of the bilevel optimization model is verified by the eight-node test transmission system and IEEE-33 bus distribution system.
Introduction
With the increase of electric vehicles and distributed power generation (distributed photovoltaic, wind power generation, combined heat-cold power units) connected to the distribution network, the distribution system operator (DSO) needs more high-quality demand-side resources. These resources can respond quickly and be controlled in real time against the undesirable impact of distributed resources [1, 2] , such as speed generation variation and load variation. In addition, future power systems with high penetration of variable renewables will require more flexible generation and demand-side resources in order to maintain secure and stable operation. The distributed energy storage (DES) system is a fast-response and bidirectional adjustment demand-side resource. It reduces energy and peak network costs for DSOs and significantly improves the reliability of the distribution network. With continuous and advanced construction of active distribution networks (ADNs) [3] , access for a large number of DES systems to distribution networks has become an inevitable trend [4] . However, the individual participation of DES systems at the system level would not be possible for two reasons: (1) their individual capacity is below the required minimum to participate in the day-ahead (DA) market and balancing market, and (2) the scheduling organization cannot easily obtain DES cheaper energy, provide ancillary services more economically, and reduce carbon more effectively than traditional generation sources.
The DES solutions and emerging aggregators mentioned above are being increasingly applied in the energy and reserve markets. Therefore, it is an excellent opportunity for DESAs to aggregate and manage DES systems. DESAs would participate in the energy market by earning energy arbitrage, providing reserve capacity in the reserve market, and dealing with uncertainties in the balancing market. In the power system, system reserves are used to maintain stability and reduce wind power curtailment to minimize the operation costs of systems and low carbon emissions. The major contributions of this paper are as follows: (1) We propose a new bilevel optimization model for DESAs taking part in the day-ahead energy and reserve markets and the balancing market; (2) we establish an effective and extensible model of DESA aggregation considering the operational constraints of DES in distribution network; and (3) we contrast optimal strategies of DESA in different uncertain scenarios with wind power participation.
The remainder of the paper is organized as follows: The problem is described in Section 2, and Section 3 describes the mathematical formulation of the proposed approach. Section 4 provides a description of the test scenarios and an analysis of simulation results. Finally, conclusions on the application of the integrated approach and future work are shown in Section 5.
Problem and Method Statement

Problem Description
In this paper, the optimal strategy of a DESA in the day-ahead energy and reserve markets is described as a bilevel problem. The DESA participates in the energy market as a price-taker. Figure 1 shows the framework of the bilevel problem. Traditional DES systems could only make a profit through energy arbitrage in the energy market. This paper presents a new business model and operation strategy through the DESA. The operation strategy of DESAs and DES systems is modeled in the upper-level problem. In the upper-level problem, the aim of the DESA is to maximize its economic profit. The DESA aggregates DES systems in the distribution network to form a schedulable capacity energy resource pool. The DESA purchases/sells energy from the DA market and provides reserve services. The DESA earns a portion through electricity price arbitrage, providing spinning reserve and dealing with wind power uncertainties in the balancing market. In the lower-level problem, the generation companies, the wind power plants, the DESA, and loads are the participants of the day-ahead energy and reserve markets. We assume that generation companies and wind power plants have the same stakeholders. The operational objective of the lower-level problem is to minimize the operating expense of the generation companies and maximize social welfare. Thus wind power curtailment could be decreased. Due to the uncertainty and variability of wind power output, there is uncertain error between predicted output and actual output. Therefore, it is necessary to provide a corresponding proportion of spinning reserves in the day-ahead dispatch plan in order to decrease wind power curtailment. DES systems are demand-side resources that respond quickly and flexibly, so they could respond to fluctuations of wind power output error in real time. Finally, the DESA would provide an optimal scheduling scheme for DES systems in order to minimize the generation companies' energy cost and maximize profit.
The DESA is assumed as a link in the bilevel problem. The decision variables of the upper-level problem are the charging and discharging power plan of DES systems, providing a reserve plan of DES. The decision variables of the lower-level problem are power output of generators, reserves provided by generators, sell/purchase energy by the DESA in/from energy market, and reserves provided by the DESA. In each layer, there are decision variables that link the upper and lower stages. After solving the lower-level problem, the variables consist of the DESA sell/purchase energy in/from the day-ahead energy market, providing reserves in the reserve market. They are passed to upper-level problem as parameters. In the upper-level problem, the operational constraints of the DESA consist of the DES operational configuration. They are passed to the lower-level problem as parameters.
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System Uncertainly Analysis
In the power system, wind power output is affected by many factors. In this way, wind power output has uncertainty. Therefore, wind power output is usually predicted to solve this problem. However, there is always a prediction error between predictive and actual value. The relationship between the two values can be calculated by Equation (1) .
where ,
is the predictive value of wind power output at time t, t w  is the prediction error at time t, and , , WPP t w s P is the actual value of wind power output at time t.
In order to accurately describe the prediction error, this paper utilizes the Monte Carlo model to generate wind power output scenarios. The Monte Carlo model is based on probability and mathematical statistics and has the advantage of solving problems with uncertainty. The research shows that the prediction error of the output of renewable energy and fluctuating load can be approximately assumed to be normally distributed with a mean value of 0 in a certain time frame [25] . Therefore, the prediction error should meet Equation (2) . The standardized standard deviation (the wind farm installed capacity is used as the reference capacity in the standardization) can be expressed as Equation (3) [26] . It should be noted that the value of  is between 0 and 1. It is similar to per-unit value in the power system. However, known value is always required in scenario analysis. The conversion from per-unit value to known value should meet Equation (4). If wpre t P is the predicted wind power output (known value) at time t, moment t w  should meet Equation (5) . Therefore, the prediction error should be normally distributed according to Equation (6) . According to Equations (1) and (6), a number of wind power output scenarios can be generated with the Monte Carlo model. 
where P Forecast t,w is the predictive value of wind power output at time t, ξ t w is the prediction error at time t, and P WPP t,w,s is the actual value of wind power output at time t. In order to accurately describe the prediction error, this paper utilizes the Monte Carlo model to generate wind power output scenarios. The Monte Carlo model is based on probability and mathematical statistics and has the advantage of solving problems with uncertainty. The research shows that the prediction error of the output of renewable energy and fluctuating load can be approximately assumed to be normally distributed with a mean value of 0 in a certain time frame [25] . Therefore, the prediction error should meet Equation (2) . The standardized standard deviation (the wind farm installed capacity is used as the reference capacity in the standardization) can be expressed as Equation (3) [26] . It should be noted that the value of σ is between 0 and 1. It is similar to per-unit value in the power system. However, known value is always required in scenario analysis. The conversion from per-unit value to known value should meet Equation (4). If P t wpre is the predicted wind power output (known value) at time t, moment σ t w should meet Equation (5) . Therefore, the prediction error should be normally distributed according to Equation (6) . According to Equations (1) and (6), a number of wind power output scenarios can be generated with the Monte Carlo model.
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where σ is the standardized standard deviation, ω t is the standardized wind power prediction output, σ t w is the standard deviation at time t, and P W N is the wind farm installed capacity.
Scenario Reduction Strategy
Theoretically, if the scenarios generated by the Monte Carlo method are abundant, the probability of obtaining exact results of stochastic problems will be high. However, it will cost much computation time and increase complexity. Reducing large-scale scenarios needs to reduce computational cost but ensure that the reduced scenarios are approximate to the original scenarios. Fuzzy C-means clustering (FCMC) is a kind of clustering analysis that has high efficiency for calculating large datasets, and its time complexity is only about the first power of time.
When using FCMC to reduce scenarios, we need to give the number of clustering categories, set the iterative convergence conditions, and initialize each clustering center. It is assumed that the dataset is X = {x 1 , x 2 , . . . , x n }; k is the number of clustering categories, m j (j = 1, 2, . . . , k) are clustering centers, and µ j (x i ) is the member function that the sample i is subordinate to category j. In this way, the clustering loss function can be expressed by Equation (7). If the partial derivative of J f with respect to m j and µ j (x i ) is 0, the essential condition of obtaining the minimum for Equation (7) will meet Equations (8) and (9).
where b is the weighted index. It is also called the smooth factor, and it can control shared degrees of patterns among fuzzy categories. The membership function can be calculated by Equation (9) by current clustering centers, and the center of each clustering category can be recalculated by Equation (8) by the calculated membership function. These are iterated circularly until the convergence condition is satisfied. Then, the optimal solution is obtained. After all the clustering centers in the optimal solution are connected in a time series, a reduction of k scenarios is obtained. This will achieve the purpose of scenario reduction.
Mathematical Modeling
Modeling DESA
In this paper, the aggregation model of the DESA is described in Equations (10)- (13) . Equations (10) and (11) are used to model the aggregation charging and discharging power of the DESA, respectively. Equation (12) is defined to present the aggregation energy storage of the DESA. The aggregation output limit of the maximum charging and discharging power of the DESA is described by Equation (13) . The operation constraints of the DESA are described in the lower-level and upper-level problem. P DESA,ch t
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3.2. Modeling in the Lower-Level Problem
Objective Function
In the lower-level problem, the generation companies, wind power plants, and DESA participate in the day-ahead energy and reserve market simultaneously. The generation companies are considered as smart players that decrease operation cost by maximizing the consumption of wind power as much as possible. The generation companies can meet the energy demand and take part in the reserve market to guarantee system adequacy in case of contingency. Equation (14) represents the objective function of minimizing operational costs of the generation companies considering unit operating costs, the profit of the unit providing reserve, and the unit's CO 2 emissions penalty during the time period.
Energy and Reserve Balance Constrains
Equations (15) and (16) are used to model the day-ahead energy and reserve balance constraints of system operation. In this paper, only the uncertainty of wind power is considered. Demand-side reserve power can be provided by generators and the DESA in the reserve market, and it can be used to stabilize the uncertainty and variability of wind power output.
Generator and WPP Operating Constrains
The output of the day-ahead energy and reserves provided by generators is strictly limited to the controllable range, as described by Equations (17) and (18) . The minimum up-and down-time limit of generators is modeled in Equations (19) and (20) . The unit commitment logic constraints are presented in Equations (21) and (22) . Equation (21) describes the start-up and shut-down status change logic. Equation (22) enforces that the generator cannot start up and shut down at the same time. The ramp-up and -down limits of units are described in Equations (23) and (24) . The spinning up and down reserve limits are defined by Equations (25) and (26) . Equation (27) limits the scheduled wind power output.
Generator generation plus reserve limit is
Generator minimum up-and down-time constraints are
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Unit commitment logic constraints are
y t,g + z t,g ≤ 1
Ramp-up and -down limits are P t,g − P t−1,g ≤ Ru g (23)
Generator side reserve limits are
WPP constraints are 0 ≤ P WPP t,w
DESA Constraints
The operational constraints of the DESA are presented in Equations (28)-(36). The minimum and maximum limits of DESA charging power, discharging power, and energy are described by Equations (28)- (31), respectively. The energy and power limitations of the DESA to provide energy and reserves are presented in Equations (32) and (33), respectively. DESA energy balance is presented in Equation (34). The relationships between charging/discharging reserve and energy capacity of the DESA are described in Equations (35) The objective function has the main goal of maximizing DESA profit, including energy market revenue, reserve revenue, and energy deployed from committed reserve in the balancing market.
DES Constraints
The DES logic constraints are defined by Equations (38) and (39). The minimum and maximum limits of DES are described by Equations (40)- (42), respectively. The relationship of upward reserve and downward reserve provided by DES and DESA are presented in Equations (43) and (44), respectively. The DES energy balance is presented in Equation (45). In this equation, for t = 1, the initial energy of the DES is considered as E DES,ini d
instead of E DES d,t−1 . The relationships between charging/discharging reserve and energy capacity of DES are described in Equations (46) and (47). 
In Equations (37)-(47), X s X f is the decision variable vector in the DESA operation problem, which can be defined as:
Simulation and Results
In order to examine the effectiveness of the proposed optimization model, an eight-bus test system and IEEE-33 bus distribution network test system are examined in this section. The optimization model is a mixed-integer linear programming (MILP) problem that was solved using MOSEK solver under MATLAB. All optimization problems were solved on a 2.60 GHz Intel Core i7 CPU personal computer with 16 GB of RAM.
Test Description
The network topology of the transmission network and distribution network is shown in Figure 2 . The eight-bus test system includes five generators, two wind farms, and one DESA. The technical data of generators and the information on transmission lines are given in Tables 1 and 2 . These data are adapted from [27] and are adjusted to meet the needs of the test case. The generation capacities of WF1 and WF2 are 55 MW and 45 MW, which are connected to nodes B2 and B6, respectively. The system load curve and forecasted output curve of WPPs are shown in Figure 3 . The day-ahead energy market price at node B3 is given in Figure 4 . The DESA controls five DES systems, and the rated capacity of DES is 4 MWh. The maximum charging and discharging power of DES is 1 MW. In this test system, a daily (24 h) time horizon is considered. In order to make the test more credible, the daily forecast output scenario set is given by Monte Carlo simulation, shown in Figure 5 . These scenarios are reduced through FCMC to form four wind power typical uncertainty scenarios, given in Figure 6 . After the scenario reduction, the probabilities of scenarios 1-4 are 0.15, 0.35, 0.33, and 0.17. We assume that the price of providing reserve in DA is $40/MWh and that the price in the balancing market is $55/MWh. The imbalance prices [28] have not been considered in this paper. The hourly maximum reserve capacity of demand is considered to be 20% of forecast wind power output. The CO 2 emission of the unit output is considered to be 0.34 ton/MWh, and the cost of CO 2 pollutant emission is assumed to be $30/ton.
In order to demonstrate the performance of the optimization model, the following three cases are derived and discussed in detail. These cases are tackled by using the above-mentioned formulation, and the solutions and details are presented in the following. Case 1. The DESA only participates in the DA energy market. The only profit source for the DESA is energy arbitrage over time.
Case 2. The DESA participates in the DA energy and reserve markets, but the balancing market is not considered. The DESA makes a profit from energy trading and reserve revenue.
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Simulation Results
This section shows the simulation results of the optimization model in different aspects, such as scheduling power, energy capacity of the DESA and DES, operating cost comparison of units and the DESA, scheduling power, and comparison of reserve capacity of the DESA in different cases. Figures 7 and 8 show the optimal strategy of units, DESA, and DES in cases 1 and 2 under provided upward reserve. Figures 7a and 8a show the scheduled processes of the generators. The operating cost of G1 is higher than the rest of the generators. Therefore, G1 has the least contribution in the dispatch plan. When the reserve capacity requirement is less than the G1 output gap, G1 will provide reserve capacity in case 1. Due to the DESA participating in the DA reserve market in case 2, the reserve capacity provided by the generators will decrease. Figure 7b shows the optimal strategy of the DESA in case 1. The charge and discharge power of the DESA reach the 
This section shows the simulation results of the optimization model in different aspects, such as scheduling power, energy capacity of the DESA and DES, operating cost comparison of units and the DESA, scheduling power, and comparison of reserve capacity of the DESA in different cases. Figures 7 and 8 show the optimal strategy of units, DESA, and DES in cases 1 and 2 under provided upward reserve. Figures 7a and 8a show the scheduled processes of the generators. The operating cost of G1 is higher than the rest of the generators. Therefore, G1 has the least contribution in the dispatch plan. When the reserve capacity requirement is less than the G1 output gap, G1 will provide reserve capacity in case 1. Due to the DESA participating in the DA reserve market in case 2, the reserve capacity provided by the generators will decrease. Figure 7b shows the optimal strategy of the DESA in case 1. The charge and discharge power of the DESA reach the upper limit. In this way, the DESA could effectively participate in the energy market and reduce the operation cost of the power system. Figure 8b shows the scheduling plan and reserve capacity plan provided by the DESA in case 2. In the case where the DESA provides reserve capacity, its charge and discharge power are under the upper limit, because the DESA needs to set aside some reserve capacity to cope with the error between the scenario wind power output and predicted wind power output. Due to low electricity prices over the time period 04:00-08:00, the DESA controls DES to charge to obtain a high arbitrage profit and tracks the trend of electricity price to maximize profit in the DA energy market. Figures 7c and 8c show the scheduling plan of DES in the corresponding case.
In case 3, we assume that the initial DESA capacity is half of the rated capacity. In this way, the DESA has the greatest potential to provide up-spinning and down-spinning reserve in the balancing market for the power system. Figure 9 shows the energy storage capacity process of the DESA in case 3. Table 3 shows the comparison reserve results of the DESA and units in case 3. The output power of scenarios 1 and 2 is less than the predicted wind power output. The units provide upward reserve. The DESA appears as a discharged state to provide reserve capacity. Therefore, from 0:00 to 6:00, the DESA maintains a discharge state to cope with wind power uncertainties. In scenario 1 from 7:00 to 11:00, the DESA appears as a charged state. It shows that the DESA participated in the energy market during this time. Because the price of electricity in this period is low, the DESA will energy arbitrage and store energy to participate in the reserve market once again. In scenario 2 from 7:00 to 19:00, the DESA appears as a rising fluctuation trend of charged state, because the reserve requirement in scenario 2 is less than scenario 1. While participating in the reserve market, the DESA also tracks electricity prices and arbitrages in the short term in order to maximize revenue. Similarly, the output power of scenarios 3 and 4 is more than the predicted wind power output. The units provide downward reserve. The DESA charges during the initial period to maintain system power balance.
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In case 3, we assume that the initial DESA capacity is half of the rated capacity. In this way, the DESA has the greatest potential to provide up-spinning and down-spinning reserve in the balancing market for the power system. Figure 9 shows the energy storage capacity process of the DESA in case 3. Table 3 shows the comparison reserve results of the DESA and units in case 3. The output power of scenarios 1 and 2 is less than the predicted wind power output. The units provide upward reserve. The DESA appears as a discharged state to provide reserve capacity. Therefore, from 0:00 to 6:00, the DESA maintains a discharge state to cope with wind power uncertainties. In scenario 1 from 7:00 to 11:00, the DESA appears as a charged state. It shows that the DESA participated in the energy market during this time. Because the price of electricity in this period is low, the DESA will energy arbitrage and store energy to participate in the reserve market once again. In scenario 2 from 7:00 to 19:00, the DESA appears as a rising fluctuation trend of charged state, because the reserve requirement in scenario 2 is less than scenario 1. While participating in the reserve market, the DESA also tracks electricity prices and arbitrages in the short term in order to maximize revenue. Similarly, the output power of scenarios 3 and 4 is more than the predicted wind power output. The units provide downward reserve. The DESA charges during the initial period to maintain system power balance. Table 4 shows an economic comparison of generators in cases 1, 2, and 3. More operating cost of the power system is gained in case 1 than case 2, because when the DESA trades in the DA reserve market, it fully meets the required reserve capacity of the power system. The generators reduce operating cost due to no reserve capacity. This is why the DESA gains more profit in case 2 compared with case 1 in the DA market, as shown in Figure 10 . By comparing scenarios 1-4 in case 3, it can be seen that the higher the forecast wind power output error is, the higher the power system operating cost and CO2 emission penalty fee are. The DESA participates in the reserve Table 4 shows an economic comparison of generators in cases 1, 2, and 3. More operating cost of the power system is gained in case 1 than case 2, because when the DESA trades in the DA reserve market, it fully meets the required reserve capacity of the power system. The generators reduce operating cost due to no reserve capacity. This is why the DESA gains more profit in case 2 compared with case 1 in the DA market, as shown in Figure 10 . By comparing scenarios 1-4 in case 3, it can be seen that the higher the forecast wind power output error is, the higher the power system operating cost and CO 2 emission penalty fee are. The DESA participates in the reserve market with no cost, and units trade in the reserve market with operating cost. Therefore, the DESA has higher priority than units in reserve market trading. The DESA's profit in different cases is compared in Figure 10 .
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Conclusions and Future Studies
In this paper, a bilevel model of the DESA participated in the day-ahead energy and reserve capacity markets, and the balancing market have been presented utilizing DESA operating strategy in different markets to deal with the uncertainty of wind power penetration. The resulting problem is an MILP. The optimal DESA strategy has been discussed in the DA energy-only market, the DA energy and reserve, and both energy and reserve markets considering the balancing market. In this framework, the DESA has optimized its operating strategy as a profit-seeking entity in a competitive energy and reserve market. Results show that the DESA has profited more from the reserve market than the energy market for two reasons: (1) it aggregates DES capacity to provide reserve capacity instead of the reserve capacity provided by units, and (2) it gains additional revenue when it trades in the balancing market. After the DESA participated in the electricity 
In this paper, a bilevel model of the DESA participated in the day-ahead energy and reserve capacity markets, and the balancing market have been presented utilizing DESA operating strategy in different markets to deal with the uncertainty of wind power penetration. The resulting problem is an MILP. The optimal DESA strategy has been discussed in the DA energy-only market, the DA energy and reserve, and both energy and reserve markets considering the balancing market. In this framework, the DESA has optimized its operating strategy as a profit-seeking entity in a competitive energy and reserve market. Results show that the DESA has profited more from the reserve market than the energy market for two reasons: (1) it aggregates DES capacity to provide reserve capacity instead of the reserve capacity provided by units, and (2) it gains additional revenue when it trades in the balancing market. After the DESA participated in the electricity market, the units' expense on the offer cost of reserve capacity and CO 2 emission penalty were reduced.
Future work will focus on improving the cooperation strategy in the optimization model under other flexible loads. More generation technologies and different aggregators will be added to the model. A flexible load aggregator will be built to participate in real-time energy and reserve markets. In addition, the aggregator will play a more important role in trading and bidding in the energy and reserve market as a price-maker. 
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